This study deals with the dynamic sales behavior of successive generations of high-technology products. New technologies diffuse through a population of potential buyers over time. Therefore, diffusion theory models are related to this demand growtfi. Furthermore, successive generations of a technology compete with earlier ones, and that behavior is the subject of models of technological substitution. Building upon the Bass (1969) diffusion model, we develop a model which encompasses both diffusion and substitution. We demonstrate the forecasting properties of the model by estimating parameters over part of the data and projecting shipments for later periods.
Introduction
Newer technologies are continually replacing older ones. In marine power, steam replaced sail and, in turn, was replaced by the internal combustion engine. As a source of industrial fuel, oil substituted for coal, and natural gas and nuclear energy have substituted for oil. In recent years, the time interval between successive generations of high-technology electronic products has been demonstrated to be relatively brief in comparison with the time interval between replacing technologies using historical norms. As the time interval between technologies decreases the importance of understanding the impact of recent technologies on earlier ones increases. No matter what their advantages, newer technologies are not adopted by all potential buyers immediately. Rather, a diffusion process is set into motion. The newer technology may widen the market by allowing applications which were not feasible before. It will also provide an opportunity for buyers of earlier technologies to substitute the more recent technology for earlier ones. These substitution effects will ultimately diminish the potential, if not the actual sales, of earlier technologies, in the following ways. First, customers who would otherwise have adopted the earlier device will, instead, adopt the later one. Second, customers who have already adopted the first device may switch from (disadopt) the earlier device in favor of the later one. When the time interval between technologies is short the earlier technology may continue to diffuse through a population of potential buyers even as the substitution process is under way. Therefore, the demand for an earlier technology may continue to grow even as the substitution process occurs, as illustrated in Figure 1 . We develop a model which explains the conjunction of diffusion and substitution. In this way we provide a basis for assessing and forecasting the influence of recent technologies on earlier ones. We study here certain electronic devices, but other work underway indicates that the model and concepts apply more widely.
There is a substantial literature on the diffusion of innovations (that is, literature dealing with the growth in level of demand, acceptance, or use of something as a function of time and other variables). There is also a considerable literature dealing with technological substitution. Most substitution models are market share models; indeed, a principal distinction between substitution and diffusion models is that models of technological substitution assume there is a market there to be substituted, and, many times, the size of that market is known, whereas diffusion models make no such assumptions, in general. In fact, it is often the case that one of the principal reasons a diffusion model might be of interest in the first place is its ability to estimate or forecast a market potential.
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The Literature
Diffusion Models
In the model to be developed for demand growth and decline of successive generations of technological innovations we shall make use of diffusion effects as well as substitution effects. In this section we review briefly some of the more popular diffusion models.
The Bass (1969) model is one of the more well-known and widely used models of first-purchase demand. It is a model of the timing of adoption of an innovation and will be central to subsequent developments.
The Bass model has a behavioral rationale that is consistent with studies in the social science literature on the adoption and diffusion of innovations (e.g., Rogers 1983) and is based on a simple premise about the hazard function (the conditional probabihty that an adoption will occur at time t given that an adoption has not yet occurred). Thus if f{t) is defined as the probability of adoption at time t, or the fraction of the ultimate potential which adopts the innovation at time t and F(t) is the fraction of the ultimate potential which has adopted by time /, the fundamental premise is that the likelihood of adoption at time t given that one has not yet occurred is:
The parameter p is called the coefficient of innovation and q the coefficient of imitation. Adoptions of the product are made by "innovators" and "imitators." The importance of innovators will be greater at first but will diminish monotonically with time, while the imitation effect will increase with time. Equation (1) leads to the differential equation:
If F(0) = 0 the solution to equation (2) is:
and the density function of time to adoption will be:
where a = q/p and b = p + q.\X\s easy to differentiate/to find the time of the peak in/or the inflection point of F to be ^ = (I/ft) In (a). If the innovation is a consumer durable such as are television sets, power lawn mowers, room air conditioning units, or cellular mobile telephones, then sales during the period in which demand consists of initial purchases of the product will be proportional to / On the other hand, in other circumstances when sales consist of repeat purchases or when adopters make multiple purchases of the innovation it will be necessary to measure the adoption rate separately from the sales measure.
Other distributions used in connection with time to first purchase include the negative exponential, the logistic, and the Weibull. (For applications of these, see Fourt and Woodlock 1960 , Mansfield 1961 , and deKluyver 1982 ' Bass' original extended logistic formulation initiated a number of modifications and extensions. (For examples, see Bass 1980; Dodson and MuUer 1978; Horsky and Simon 1983; Kalish 1985; Lekvall and Wahlbin 1973; Mahajan and Peterson 1978 and Mahajan, Peterson, Jain and Malhotra 1979 . For reviews of a number of diffusion models, see Kotler 1971; Lilien and Kotler 1983; and Mahajan and Muller 1979.) While most of these refinements add something to the paradigm, none overrides the essential character of the model as originally formulated. Further, as Jeuland (1981) points out, given the nature of the data available for most new product forecasting tasks (approximate) and the quantity of information available (scant), there is considerable difficulty in reliably ' Because we anticipated the question of whether one density function is just as good as another in the model formulation, we did investigate the model formulated with these alternative distributions. We found that the negative exponential distribution was clearly inappropriate, which makes sense when one considers that it implies a memoryless process. We further found that the logistic and Weibull formulations did almost as well as that of Bass in terms of fit to the data over many observations. There were, however, considerable differences in the forecasts resulting from these distributions when few data points were used to parameterize the model. The resulting conclusion is that the function characterized as equation (3) extrapolating the early sales path of a new product. He argues that "if improved forecasting models are to be built, it must be within the constraint of highly parsimonious models" (Jeuland 1981, p. 3) . From the point of view of developing a first model incorporating the effects of diffusion and substitution, the original formulation is conceptually sound and captures the essence of the process.
Substitution Models
An important and often-used model of technological substitution was proposed by Fisher and Pry (1971) . Their model is based upon three assumptions. The first of these is that "many technological advances can be considered as competitive substitutions of one method of satisfying a need for another." Second, they observed that new technologies often completely supplant older ones. Third, they expressed their market share model in terms of Pearl's Law: "The fractional rate of fractional substitution of new for old is proportional to the remaining amount of the old left to be substituted." They assert that the rate constant of a substitution, once begun, does not change. Rather, it is the number and magnitude of such substitutions that measure more properly the pace of technological change in society. Their model is:
where s{t) is the fractional market share of the innovation at time t, and k is a constant of proportionality. The time scale t may be chosen such that i' (O) = \. When this is done it is possible to solve equation (5) to yield the following expression for the fractional -* market share of the newest innovation:
(6) I Equation (6) is a form of logistic function. Using the assumption that there are only two '.'• competing technologies. Fisher and Pry derive a more convenient form for purposes of i estimation. The result is that the log of the ratio of the market share of the succeeding t echnology to that of the first is a linear function of time:
5 Floyd (1968) and Sharif and Kabir (1976) . The existing substitution models either deal in share or in number of adopting firms as opposed to sales. Each of them has a dynamic time component thus implying delayed learning about the advantage of the innovations. The Fisher-Pry model is particularly nice in that it describes in very simple terms a very powerful generalization. However, it does not address the level of sales for each generation. And, as we will observe later, market shares exhibit a much nicer regularity than do absolute sales levels. In certain environments, managers require insight into the development of a market in absolute as well as relative terms. Clearly, if we can successfully forecast in absolute terms, we can use that knowledge to derive the relative or market share information.
The model we develop deals with sales and it explicitly incorporates diffusion effects and substitution effects. Time-varying factors are subsumed in the model and not explicitly taken into account.
The Model
The model development will be facilitated by introducing some simple definitions. We will use the word "device" to refer to a component part of a larger product. We will use the word "application" to refer to a use of the device in a particular product, and "adoption" to refer to the incorporation of the device into the design of the product. Applications are things, not people, but it may be useful to think of applications as an adopting population. More properly, design engineers decide to incorporate a certain level of integrated circuit (IC) content (say) into a pariiicular product. That IC content presumably makes the product better in some way, and becomes a standard part of the product's design. The product has "adopted" the use of ICs.
Let us make a few assumptions: First, we assume that once an application incorporates some level of the new technology, it does not revert to earlier technologies during the relevant period of time.
In the case where adopters buy multiple units of a new innovation, sales will consist of the number of units purchased per user times the number of users. Let us assume that the average rate of consumption per time period approaches a constant. More specifically, let the usage rates associated with applications be independently and identically distributed with a constant overall mean rate. (The argument for the constancy of this rate is based on the fact that, as the number of consuming units gets large, the change in the average amount consumed will be little affected by the inclusion of an incremental user.)
Based on several phenomena, we can assume that the number of uses of a given device changes over time. The device may have been invented to go into a particular product or solve a particular problem. It may also have uses which are not imagined until it exists. Finally, a device may perform better than something currently available. It is readily observable that the uses of some generations of innovations are growing in number, some explosively. Nonetheless, however rapid its growth appears, each device must have some upper limit on its applicability, and we assume that limit to be constant. We assume also that the rate of growth in applications incorporating a given device is related to the number of applications already existing and the number of potential applications yet to be made.
We recognize the simplification introduced by the second of the above assumptions. The assumption of the constancy of average per-period consumption implies that the growth of applications constitutes all of the variability in the process over time. Since in many situations we can observe neither the average rate of consumption of devices nor the number of applications but only their product, this may be a reasonable and workable simplification.
Model Development
Denote by A/the upper limit of the number of applications for which the innovation is appropriate. Denote by r the rate at which an average application consumes the output of interest. These two variables, assumed constant, multiply together to yield the upper limit on sales per time period, notationally designated by m. The only thing changing, as discussed earlier, is the number of applications which adopt.
The process of incorporating a new technology into a given product is a process which involves the diffusion of knowledge about the characteristics of the technology. The specific functional form chosen to represent that process is that proposed by Bass and written above as equation (3). Thus in the case of a single generation with no successor, sales would be written:
= mF{t).
Sales would be proportional to the (S'-shaped) cumulative distribution function of the adoption rate. First differences in sales would be proportional to the adoption rate [approximately the (unimodal) density function of time to adoption].
We deal in this model with a series of generations of innovations. Each generation is introduced to the market before its predecessor has been fully diffused to its potential population. Each successive generation will obtain sales by: (a) expanding applications, thus obtaining sales that would not have otherwise gone to earlier generations and (b) capturing sales that would otherwise have gone to earlier generations. Some part of the sales that would have otherwise gone to earlier generations will consist of customers switching from the earlier to the later generation. Another part will consist of customers who would have adopted the earlier device but instead adopt the later one. The two may or may not be distinguishable in practice; in the empirical section which follows, they are not.
Let us introduce some additional notation: Let i index generations of a particular device type. Then we can denote by S, the shipments of the rth generation, and, in the case of two generations, we may write, for the first generation's sales:
for; > 0 (11) and for the second,
where S,(() refers to sales of the rth generation in time period t, mx refers to the potential for the first generation, m2 refers to the potential uniquely served by the second generation, and where
Indexing the generations with z, of course, means that a, = qjp, and b, = p, + q,. Note that rj is the time at which the second generation is introduced, and F2{t -T2) = 0 for t <T2. The simultaneous model indicated in equations (11) and (12) captures both adoption and substitution. S2{t -T2) will increase monotonically after T2. The peak in Si(t) will occur at or after T2 depending on the relationship of F2 to Fi. The ultimate level of sales of the second generation will be the sum of the potentials for both generations.T he model may be applied to a number of generations simultaneously even though as the number of generations expands the sales of earlier generations will approach zero because of substitution. For three generations, generation one loses to two. Generation two gains from one, but loses to generation three, including the loss of actual and potential gained from one.
The model assumes (a) the existence of a series of advancing generations, each of which can do everything the previous generation could do, and possibly more, (b) a density function of time to adoption for each generation applying against a time-varying potential, and (c) the substitution of actual and potential sales from earher to later generations.
If we relax the assumption that the adoption process differs by generations, we can write Pi = p and q, = q for all L This assumption has a certain plausibility in that for a given technology class the behavioral processes for the adoption of advancing generations could be expected to be similar. If the assumption is approximately correct, the number of parameters to be estimated will be drastically reduced. For example, ifFhas k parameters and there are n generations, there will be kn + n parameters to estimate, but if the k parameters of Z' are the same for each generation the number of parameters to estimate will be ^ + «. The very strong assumption that p and q are constant across equations should be easily falsifiable on the basis of model fit: If the p, and q, are really different for different /, it should be difficult to obtain reasonable fits to the empirical data and reasonable forecasts using the simpler model.
The Data
The data employed in this study are from the semiconductor industry and were collected and supplied to us by Dataquest. We shall model the demand growth and dechne for successive generations of two basic types of integrated circuits (ICs): memory and logic circuits. These devices are similar in that they are products of the highest technology, they are sold to industrial as opposed to consumer markets, and their markets are dynamic in the sense that technological advances influence their environment. They are also similar in that they are very important to the nations that manufacture and use them for geopolitical, economic, and military reasons. They are different in their applications, their served markets, and in that the technology which leads to improvement in one may not be applicable to the other. Descriptions of the devices are included in an appendix available from the TIMS office, in case the terms dynamic random access memory (DRAM), static random access memory (SRAM), microprocessor and microcontroller (MPU and MCU) are unfamiliar. The point is that they are sequential innovations. The successive generations studied are the 4k, 16k, 64k, and 256k DRAM, the 4k, 16k, and 64k SRAM, and eight-bit logic devices (MPU and MCU). The data comprise 44 quarterly observations of DRAM shipments from 1974 through 1984, 36 quarterly observations of SRAM shipments ending in mid-1984, and 32 quarterly observations of eight-bit logic devices, ending with the fourth quarter of 1983.
Estimation and Fitting
DRAM Shipments
Operating under the assumption of constant diffusion parameters p and q for all generations of DRAMs, we can write the following system of joint nonlinear equations to describe their growth and interplay:M 
(7t(i-/;+,). (17)
[
S2(t) = Fit -T2)[m2 + Fit)m,][l -Fit -r,)],
53(0 = Fit -r3)[w3 + Fil -T2)[m2 + Fit)mi]][l -Fit -u)],(14)
S,it) = Fit -u)[m, + Fit -T3)[m3 + Fit -T2)[m2 + F(Ow,]]], where (16)
S,it) = shipments of generation /,
where a is q/p aad bisp-\-q,as before), and m, = the incremental potential served by the rth generation, that is, that not capable of being served by any generation 7 < /.
This set of equations requires the estimation of six parameters: the coefficient of innovation p, the coefficient of imitation q, and the incremental potentials mi through m^. These equations have been estimated jointly using the nonlinear three-stage least squares" procedure SYSNLIN, available as part of the Statistical Analysis System (SAS). For details of the program, please refer to the documentation in SAS 1984, pp. 505-550. Table 1 shows the parameter estimates using DRAM data to estimate equations (13)-(16). All of the parameter estimates are positive as expected and highly statistically significant with small standard errors relative to the estimates. Moreover, the parameter estimates are plausible. The m, increase monotonically with / as might be expected for DRAMs and the values of p and q are within the range of experience of parameter estimates for other innovations. Table 2 shows the fit of the model to the data for DRAMs. The R^ values are remarkably high, the lowest value exceeding 0.96. Any test of the hypothesis that the parameters p and q are equal across generations would reject the hypothesis only if the fit of the model to the data without the constraints that p,=p and q, = q were markedly superior to the fit with the constraint. Clearly, the data and the model are in such a high degree of correspondence that we may assert that the data do not reject the notion that the assumption of constant p and q for all generations is reasonable.' Figure 2 shows the fit of the model to the data. Clearly, there is close correspondence between the model and data. A plot of fitted versus actual aggregate demand derived from these data (not reproduced here) similarly shows very close correspondence. As previously indicated, when there is only one device and no substitution, the first differences in sales will be proportional to the adoption rate. Figure 3 shows the theoretical graph of first differences when substitution comes into play. At some point, first differences will turn negative and will remain so, but at a later point the rate of substitution will diminish as the higher technology begins to saturate its potential from substitution. Eventually the sales of the first generation will approach zero and there will be little potential left for the second to capture. Figure 4 shows, for the 4k DRAM, the fit of the estimated derivative of shipments for the devices to the actual first differences. Although the data are noisy, the trend supports the model predictions. The prediction of the upper peak of differences corresponds chronologically to the time of the inflection point of sales.' We note also that as soon as the next generation is " Jain and Rao (1985) and Srinivasan and Mason (1985) demonstrate NLS estimation of the Bass diffusion model in its intrinsically nonlinear form. Our thanks to R. Rao for his helpful suggestions.
' In this case, systems of equations are estimated with intercepts constrained to be zero. Therefore. Rĉ annot be unambiguously interpreted as a percentage of explained variance. Moreover, because of the large number of zero values which are perfectly "predicted" by the estimation, the significance estimates are very likely to be overstated. Nevertheless, visual inspection of the fits indicates that they are very good.
' Given two competing devices, one the successor to the other, when will sales peak, and how high will that peak be? Rather than graph the equations, we can get an analytical answer, by taking the time derivative of equation (14) to derive an expression for C, the peak time, and S,it*\ the peak magnitude, in terms of the estimates of/>, g, and m,. See the appendix (available from the TIMS office) for details. introduced, the derivative of sales of the older generation starts to slow, clearly indicating the link between the two generations. Graphic representations of the first differences of later devices (again, not reproduced in the interest of brevity) showed similar correspondence.
SRAM Shipments
Applying the model to the market for three generations of SRAMs, we write:
(where a is q/p and bisp + q,2s before), and m, = the incremental potential served by the rth generation, that is, that not capable of being served by any generation 7 < /.
The estimates of equations (18)- (20) are shown in Table 3 . As is the case for DRAMs, the estimates have the expected sign and reasonable values, and are all statistically significant. Table 4 shows the fit of the model to the data for SRAMs. Again, we find a failure of the data to reject the model, and in particular the constrained model.
Logic Device Shipments
Logic and memory differ in that an advanced generation logic device will not necessarily easily substitute for an earlier generation device. Our data indicated that the eight-bit microprocessor (MPU) did not take over from the four-bit device, nor did the 16-bit from the eight-bit device. There are applications for which accessing a larger word or operating at very high speed is irrelevant. Furthermore, the peripherals used to control an MPU cost much more, in general, than the MPU itself As a generation of 
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MPUs matures it will be integrated into more and more designs. With maturity it becomes expedient to put all the controlling devices, together with some instruction and a little memory, on a single chip. That chip is called a microcontroller (MCU). Therefore, one should expect that an MCU of a given word length would take over from an MPU of the same word length. We estimate the model of the relationship between both types of eight-bit logic, a set of equations similar to those presented earlier, with quarterly data during the eight-year period ending in 1983. Tables 5 and 6 show the parameter estimates and fit statistics. As was the case for both types of memory, the model fits the data extremely well. Eight-bit MPU sales are beginning to peak as MCUs take over.
Q -TIME FIGURE 3. 1st Differences, with Substitution.
Market Shares
Because of many successful applications the Fisher-Pry model qualifies as a powerful generalization. Its limitations are that it is a share model only and does not account for sales levels of successive generations and that it considers only a single technological substitute at a time. The generalization of the model by Peterka (1977) permits the estimation of share relationships for a series of generations of a technology. A generalized form of the Fisher-Pry model is:
We note that while sales or shipments may exhibit highly irregular patterns, the process of substitution in relative or market share terms shows remarkably regular patterns. With that in mind, we examined the performance of the Fisher-Pry model, comparing the results with market share projections based on our model, to see whether the regularity captured by the Fisher-Pry formulation resulted in better market share forecasts. Given the fits of our model to the shipment data, it may not be surprising that ours produced somewhat better results, measured in terms of mean absolute percentage deviation. Again, we omit the results because of constraints on length, but the results are available from the first author upon request. 
Forecasting
In order to examine the forecasting properties of the model we have estimated the parameters using different data intervals and then projected shipments of the devices using these parameter estimates. In general, we estimate using data for / devices (/ = 1, 2, 3, 4) up until the time when the rth-plus-one is introduced and then project shipments for all / + 1 devices.
Several studies of the sensitivity of the parameters of the Bass model indicate that estimates using data for first purchase adoption rates of single products are not very Stable unless the period over which the estimates are formed extends past the peak of the curve. We expect something similar here. Fortunately, because there are a series of innovations, there will be a series of peaks and thus we expect the estimates to improve with the data interval, making it possible to predict with some accuracy more recent and future innovation sales and to assess the impact of these upon the sales of earlier generation innovations. In estimating in the way that we have we develop estimates of p, q, and rriu mj, . . . , m,. Thus in order to project sales of the rth-plus-one it will be necessary to guess m,+i.
DRAMs
The 16k DRAM first captured 2% of the market in period 14. We have estimated p, q, and m\ with these 14 observations. In order to forecast sales we must guess rrij. We have taken nij to be equal to 4 times mi, an arbitrary guess, but taken for the reason that the 16k device is four times as powerful (as dense) as the 4k. The resulting forecast values of shipments for 4k and 16k DRAMs captured the general shape of the shipment curves for the two devices, but the actual sales of the 4k device exceeded the forecast values, while the actual sales of the 16k device were below the forecast values. It should be emphasized that these forecasts were (a) developed from estimates made from data which do not extend to the peak in 4k shipments and (b) projected without the benefit of updating for 8 periods (two years). We expect the relaxation of either (a) or (b) above would improve the quality of the forecasts.
The 64k DRAM first captured 2% of the market in period 29. Estimates of/», ^, m,, and W22, made on the basis of 29 observations, and m^ (again taking as an estimated value for the new device's potential four times the previous potential), yield the results shown in Figure 5 . As expected, the quality of the fit using data which include a turning point is superior to that without one. From a strategic viewpoint the projections in Figure 5 might be considered to be adequate inasmuch as they capture the rapid growth of the 64k device and the decline in the 16k device.
The 256k DRAM first captured two percent of the market in period 38. The fitted values and projections through period 43 for the four devices are only slightly different from those shown using Figure 5 . Table 7 shows the parameter estimates for DRAMs for different data intervals. The estimates of p diminish and estimates of ^ increase with the number of observations used to obtain estimates. Systematic and monotonic changes in the w, are also observed. Insofar as changes of this type occur over different innovations, there is the suggestion that one could estimate parameters based on observations from the first one or two generations and modify these to accord with the expectation for estimates based on a larger number of observations. Table 8 shows that the changes in the estimates for SRAMs for different data intervals are of the same character as those for DRAMs. Although we do not include the graphs, the forecast quality for SRAMs was similar to that of DRAMs for data over similar intervals. 
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Forecasts
Since the principal use of our model is in forecasting and planning, it seems reasonable to supply some forecasts based on the data on hand thus far. The following forecasts were made in early 1985, using data available at the time. The data series for memory devices ended at the fourth quarter of 1984. Therefore, we forecast quarterly shipments of 16k, 64k, and 256k DRAMs for three years starting with the first quarter of 1985. The data series for logic devices ended with the fourth quarter of 1983, and therefore the logic forecasts are for three years starting with the first quarter of 1984.
Please note that all the following forecasts were developed in April of 1985, and are three year (12-step-ahead) forecasts, not one-step-ahead forecasts. None of the models is updated with information obtained since that time, with one exception: in June of 1985, we obtained from a planner in one of the semiconductor firms an estimate of the time when the lM (one megabit) DRAM would capture two percent of the memory market. We used that guess to start the process of substitution for the earlier devices. (Only that introduction time matters, since m^ would not enter the equation for the fourth generation's sales.) Table 9 indicates the model forecasts of 16k, 64k, and 256k DRAMs beginning in the first quarter of 1985 and ending the fourth quarter of 1987. The model forecasts that, Period   45  46  47  48  49  50  51  52  53  54  55  56   16k   19823  14946  11056  8058  5806  4149  2947  2084  1469  1033  725  509   64k   309257  327619  338055  340318  334375  320364  298716  270381  237012  200924  164752  130917   256k   34515  54283  81710  118931  168157  231237  308997  400467  502364  609238  714489  811907 regardless of the price of the devices, the 64k DRAM will decline in shipment volume permanently following the fourth quarter of 1985. Table 10 summarizes three-year forecasts for 4k, 16k, and 64k SRAMs. Table 11 lists the estimates of shipments of eight-bit logic devices for the period from the first quarter of 1984 through the fourth quarter of 1986. We forecast a peak in eight-bit MPU shipments in the second quarter of 1985. Comparing the prediction with 1984 data which have since become available from Dataquest, sales appear to be flattening in accordance with the model predictions. This finding is interesting for a number of reasons, not the least of which is that a flattening of eight-bit MPU shipments was completely unexpected by a number of industry planners.
Conclusions
The model put forth in this paper derives from prior work in the areas of diffusion and substitution, building upon knowledge gained in those studies. The unique contribution of the model is the casting of the process in such a way as to marry the two concepts to explain the process in a relatively accurate and yet parsimonious form. The model also has value in its ability to forecast overall industry demand as well as market shares of the various devices. Clearly, there are omitted variables, but from a practical forecasting viewpoint, the model serves in describing a generalization. To iUustrate, Penod   33  34  35  36  37  38  39  40  41  42  43  44   MPU   18540  19109  19520  19760  19819  19697  19399  18934  18321  17578  16731  15802   MCU   31437  35203  39235  43507  47990  52642  57419  62271  67146  71992  76759  81403 consider the results of forecasting the 64k device using data from the 4k and 16k. A strategic planner using the model parameterized with data for 1974 through 1980 would not have been seriously wrong in forecasting global demand for each of the several generations for at least three years, even without updating.
Validation
By building upon the contributions of Mansfield, Fisher and Pry, and Bass, we can claim convergent validity. From the evidence supplied by the fit of the model to various data sets, we can assert event validity. We demonstrated predictive validity by using subsets of the data for parameterizing the model, then forecasting over remaining data points. We can assert hypothesis validity only to the extent that (a) the model does not reject the assumption of a constant substitution rate for a product class and (b) these data, at least, do not reject the assumption of the decline of sales to virtually zero for the earlier generations.
Future Research
The model is applied to data from the semiconductor industry. How would the model work in other applications? That is for future research to discover, but we offer some suggestions: First, the model needs to be applied to data wherein the distinction between the two types of succession can be discerned. That is, we need to be able to track separately those applications that choose the second generation (say) instead of the first and those that, having already adopted the first, switch to the second. Further, the model needs to be modified to allow switching by only a fraction of the market. For example, consider the substitution of acetaminophen for aspirin, and ibuprofin for both of those. The patient might need the anti-inflammatory qualities of aspirin and not take acetaminophen at any price.
The incorporation of price seems necessary, in some cases, particularly where the device cost is a large fraction of the total value of the product. This matter has been addressed in the case of diffusion models, but much remains to be done.
Applications
The finding that the parameters stabilize considerably once a single generation has reached a turning point is a potentially powerful generalization, one that suggests that the model is particularly well suited to deal with industries undergoing rapid change.
We suggest also that the model could be incorporated as a component of larger models, in the investigation of such research issues as optimal phasing out of "old" technological generations and/or optimal timing of the entry of new ones.
Conclusion
We have developed what we believe to be a unique and original model of demand growth and decline for a series of technological innovations. Our model is consistent with and builds upon well-known work on the diffusion of innovations. It incorporates both diffusion and substitution. The model works well for the technologies we have studied: In summary, it is simple, plausible, and historically accurate.
We believe that the model holds great promise for forecasting conditional on the timing of the introduction of successive generations of technology.'
